1. Introduction {#sec0001}
===============

At the close of March 2020, New York City became the new epicenter in the global COVID-19 pandemic ([@bib0025]). According to the Coronavirus COVID-19 Global Cases by the Center for Systems Science and Engineering at Johns Hopkins University, New York City had 104,410 cases as of April 12, 2020 ([@bib0012]). New York City has a highly diverse population of 8.3 million people spread across five boroughs interconnected by a subway system that also extends into neighboring areas ([@bib0037]). While disease transmission is widespread, the case burden is known to be heterogeneous within the city ([@bib0007]). Understanding this spatial pattern is critical for identifying who is most at risk and for allocating resources and proper responses to hotspots. Spatial analysis is required to identify clusters of the hardest-hit areas and to understand associations with contextual factors of vulnerability, such as minority race or low-income areas. Recently released COVID-19 testing data by the New York City Department of Health at the zip code level allows for fine resolution spatial analysis to guide resource distribution ([@bib0011]). Zip codes are United States Postal Service-defined mail delivery routes that are understood by the public to roughly delineate neighborhoods. Since zip codes are not explicit geographic units, the United States Census Bureau provides zip code tabulation area (ZCTA) files ([@bib0037]), which convert mail route-defined zip codes into areal units. ZCTAs, herein referred to as zip codes, are the primary unit of analysis for this study.

Infectious disease distribution and diffusion is an explicitly spatial process. Not only do cases and deaths exhibit heterogeneous distributions, but the process of contagion itself moves through areas as the virus is seeded and expands in particular locations ([@bib0010]). Places that are near one another may be more likely to experience similar infection rates due to close proximity and increased social and cultural ties ([@bib0002]). Furthermore, diffusion effects from especially high infection rates in one area may increase infection rates in neighboring areas ([@bib0009]). This interdependence of infection rates across areas suggests that the case burden may exhibit clustering in space.

Using ecosocial theory as a guide for hypothesis generation ([@bib0022]), particular contextual factors are theorized to increase the risk of COVID-19 infection, which may intersect at particular spatial and temporal scales. Given the primary transmission of COVID-19 by respiratory droplets ([@bib0008]), individuals that rely on public transportation, subways and buses, to commute to work may be at increased risk due to contact with fellow passengers. Racial and ethnic minorities, non-citizens, and those without health insurance may also be at increased risk due to discouragement of obtaining appropriate medical care due to their marginalized status ([@bib0006]; [@bib0013]). Despite the New York shelter-in-place order in effect since March 22, 2020 ([@bib0017]), low-income individuals and households with high rent burden may not be able to suspend work and may be forced to leave their homes to maintain their income putting them at greater risk of infection. These demographic and socioeconomic characteristics may put particular individuals and neighborhoods both at greater health risk and greater economic risk at this particular moment when cases and deaths are rising exponentially, which will reverberate throughout the course of the pandemic.

The first objective of this study is to identify clusters of testing rates, positivity rates, and proportions of tests that were positive to understand test access and case burden. The second objective is to evaluate contextual factors associated with these clusters as well as across all of New York City. Combined, they advance current knowledge on how existing inequities in the city are exposed by the current COVID-19 pandemic.

2. Methods {#sec0002}
==========

2.1. Data {#sec0003}
---------

The total number of COVID-19 tests and the total number of positive COVID-19 tests aggregated by zip code were provided by New York City Department of Health as of April 12, 2020 ([@bib0011]). Zip code total population, race, Hispanic ethnicity, citizenship status, health insurance status, mode of transportation to work, educational attainment, median household income, receipt of public assistance payments, rent as a proportion of income, and poverty data were obtained from the 2014--2018 5-year American Community Survey via the IPUMS National Historical Geographic Information System ([@bib0024]).

Three outcome variables were created. First, the testing rate, calculated as the number of tests performed divided by the total population of a given zip code multiplied by 1000. Second, the positivity rate, obtained as the number of positive tests divided by the total population of a given zip code multiplied by 1000. Third, the proportion of positive tests, calculated as the number of positive tests divided by the total number of tests performed for a given zip code. All covariates except median household income were converted to proportions by zip code.

Of note, positivity rate as an outcome is difficult to interpret because the numerator, positive tests, is conditional on having been tested, whereas the denominator, total population, is unconditional; therefore, while included in the analysis, it is de-emphasized as an outcome of interest.

2.2. Cluster analysis {#sec0004}
---------------------

Choropleth maps for the three testing outcomes and each covariate were created using a four quantile categorization, which ensures an equal number of zip codes in each category and is recommended for use in public health studies ([@bib0005]). Therefore, the highest category captures zip codes in the 75th to 100th percentile of the distribution of a covariate, while the lowest category captures those zip codes falling below the 25th percentile. All maps except the bivariate maps described below were produced in ArcGIS 10.6.1 ([@bib0014]).

We used a global Moran\'s I test, using simple adjacency as the neighborhood definition, to investigate the presence of spatial autocorrelation (clustering) in each outcome ([@bib0027]). Moran\'s I is a test that evaluates the covariance of a value *X* at an index location *i* with the average of the values *X* of its neighbors *j*. Moran\'s I values range from −1, indicating dissimilar values cluster together, to +1, indicating similar values cluster together. A Moran\'s I value of 0 indicates complete spatial randomness. To assess the occurrence of local clusters in each outcome we used a discrete Poisson spatial scan statistic ([@bib0023]). This procedure scans a circular window of varying radii across zip code centroids and calculates the likelihood of the observed number of COVID-19 tests or positive tests for zip codes within the circular window to that expected by a Poisson distribution. The statistic produces a relative risk measure that compares the risk of having a test or a positive test for zip codes inside the window to those outside the window. A *P* value adjusted for multiple and dependent testing estimates the significance of each detected cluster by Monte Carlo hypothesis testing of the likelihood ratio test of no difference in risk inside versus outside the window ([@bib0023]).

In our analysis, we limited the maximum cluster size to no more than two percent of the population at risk to ensure clusters of manageable size. The average percentage of the population contained in each zip code was 0.56 percent, meaning that this maximum cluster size would create clusters of approximately one to six zip codes. The procedure was also limited to identifying the top ten most likely clusters for each outcome to further focus the analysis. We defined *a prioi* four constructs of greatest interest to understand inequality of test access and case burden: clusters of high test rates, clusters of low test rates, clusters of high positivity rates, and clusters of high positive test proportions. Cluster analyses were performed in SaTScan v9.6 ([@bib0023]) and Moran\'s I analyses were calculated using GeoDa 1.14.0 ([@bib0001]).

2.3. Contextual factor analysis {#sec0005}
-------------------------------

Associations between the testing outcomes and contextual factors at the zip code level were assessed using descriptive statistics and correlations. Covariates included proportion white, proportion black, proportion Asian, proportion Hispanic, proportion non-citizens, proportion without health insurance, proportion of the working population using public transportation, proportion of those aged 25 years or older with at least a bachelor\'s degree, median household income, proportion of households receiving public assistance, proportion of households with rent greater than 50 percent of their income, and proportion of households living in poverty. We created maps showing the joint spatial distribution of key covariates, proportion black and education, with the positive test proportion outcome using a three quantile categorization. The distribution of each covariate stratified by and limited to the zip codes in each type of cluster identified in the scan statistics analysis was visualized using boxplots. Formal statistical tests of differences in these distributions were not performed due to relatively low sample sizes and interdependence among tests with zip codes appearing in multiple different cluster definitions. Using all zip codes, we performed Pearson correlations between each testing outcome and each covariate to understand directional associations. We used R 3.6.2 for the correlation analyses and bivariate maps ([@bib0032]).

3. Results {#sec0006}
==========

There were 177 zip codes for which testing data were available. The mean COVID-19 testing rate across zip codes was 21.6 tests per 1000 people, ranging from a minimum (MIN) of 8.6 and a maximum (MAX) of 43.8 (standard deviation \[SD\] of 7.3). The mean positivity rate was 12.1 per 1000 people (MIN=2.9, MAX=25.9, SD=4.7). The mean proportion of COVID-19 positive tests was 0.55 (MIN=0.23, MAX=0.79, SD=0.097). [Fig. 1](#fig0001){ref-type="fig"} shows the spatial distribution of each outcome categorized into quantiles.Fig. 1Test rate (A), positivity rate (B), and the positive test proportion (C) categorized into quantiles.Fig. 1

Global Moran\'s I analyses showed strong positive spatial autocorrelation for all three outcomes (0.698, 0.695, and 0.707 for testing rate, positivity rate, and proportion of positive tests, respectively) demonstrating clustering is present in these data. The results of the spatial scan statistic cluster analysis are presented in [Fig. 2](#fig0002){ref-type="fig"} . Clusters of high testing rates were located in Staten Island and the East Bronx as well as isolated areas in Queens including Jackson Heights ([Fig. 2](#fig0002){ref-type="fig"}A). The relative risk of testing in these clusters ranged from 1.48 to 1.80. Clusters of low testing rates were observed in lower Manhattan, western Brooklyn, and Flushing, Queens, with relative risks of 0.57 to 0.66 ([Fig. 2](#fig0002){ref-type="fig"}B). Clusters of high positivity rates largely mirrored those for high testing rates ([Fig. 2](#fig0002){ref-type="fig"}C). Clusters of high proportion of positive tests occurred in parts of Brooklyn and Queens ([Fig. 2](#fig0002){ref-type="fig"}D), with some overlap with areas in Queens that were also significant for high testing rates. Relative risks for clusters of high proportion of positive tests ranged from 1.15 to 1.38.Fig. 2Top ten statistically significant spatial scan statistic clusters for (A) high test rates, (B) low test rates, (C) high positivity rates, and (D) high positive test proportions.Fig. 2

The spatial distribution of the twelve covariates categorized by quantiles is included in the supporting information (S1 Figure). [Fig. 3](#fig0003){ref-type="fig"} shows bivariate maps of the joint spatial distributions of the proportion of black population and the proportion of the population with at least a bachelor\'s degree each with proportion of positive tests. Areas with simultaneously high proportions of positive tests and black population are concentrated in eastern Brooklyn, southeast Queens, and parts of the Bronx. Areas with joint distribution of low education and high proportion of positive tests encompass a wide swath of the South Bronx, eastern Brooklyn, and southern Queens.Fig. 3Bivariate maps of proportion positive tests and (A) proportion black and (B) proportion bachelor\'s degree or higher. Categorization is by 3 quantiles.Fig. 3

[Fig. 4](#fig0004){ref-type="fig"} shows boxplots of the distribution of covariates across zip codes identified in each cluster type. Zip codes identified as clusters of low testing rates had lower proportions of black population, Hispanic population, uninsured, and those with rent ≥50 percent of their income compared with clusters of high testing rates. In contrast, these clusters had higher proportions of white population, Asian population, use of public transportation, non-citizens, at least a bachelor\'s degree, and higher median household income compared with clusters of high testing rates. Zip codes with clusters of high proportion of positive tests had lower white population, higher black population, lower educational attainment, and higher proportion receiving public assistance compared to clusters of low testing rates.Fig. 4Covariate distribution by zip codes in clusters of high testing rates (TRH), clusters of low testing rates (TRL), clusters of high positivity rates (PRH), and clusters of high proportion of positive test (PPH).Fig. 4

Pearson correlation results between the outcomes and the covariates are shown in [Table 1](#tbl0001){ref-type="table"} . Significant negative correlations of test rate were found with Asian race, use of public transportation, education, non-citizens, and median income, while a positive correlation was found with rent ≥50 percent of income. Notably, many of these associations reversed signs and became much stronger when correlated with the proportion of positive tests, particularly use of public transportation, non-citizens, and to a lesser extent poverty and lack of health insurance. Also striking is that the proportions of black and white populations show no correlations with testing rates, but strong positive and negative correlations, respectively, with proportion of positive tests.Table 1**Correlation results for covariates and COVID-19 test rate, positivity rate, and proportion of positive tests, New York City, United States, April 12, 2020.** Bolded values are significant at *P* \<0.05.Table 1VariablesTest ratePositivity rateProportion of positive testsCorrelation (95% CI)*P* valueCorrelation (95% CI)*P* valueCorrelation (95% CI)*P* valueWhite0.0026**−0.3−0.69**(−0.14, 0.15)0.97**(−0.43, −0.16)\< 0.001(−0.76, −0.6)\< 0.001**Black0.083**0.270.45**(−0.065, 0.23)0.27**(0.13, 0.4)\< 0.001(0.33, 0.56)\< 0.001**Asian**−0.19−0.16**−0.035**(−0.33, −0.043)0.012(−0.3, −0.016)0.03**(−0.18, 0.11)0.65Hispanic0.11**0.30.48**(−0.033, 0.26)0.13**(0.16, 0.43)\< 0.001(0.36, 0.59)\< 0.001**Public transportation**−0.52−0.350.16(−0.62, −0.4)\< 0.001(−0.47, −0.21)\< 0.001(0.015, 0.3)0.031**Bachelors or graduate**−0.36−0.62−0.82(−0.48, −0.22)\< 0.001(−0.7, −0.52)\< 0.001(−0.87, −0.77)\< 0.001**Rent ≥50% of income**0.190.450.68(0.048, 0.33)\<0.001(0.32, 0.56)\< 0.001(0.59, 0.75)\< 0.001**Non-citizen**−0.25**−0.031**0.37(−0.39, −0.11)\< 0.001**(−0.18, 0.12)0.68**(0.24, 0.49)\< 0.001**Poverty−0.090.099**0.46**(−0.23, 0.059)0.24(−0.049, 0.24)0.19**(0.33, 0.57)\< 0.001**Uninsured−0.099**0.20.67**(−0.24, 0.049)0.19**(0.049, 0.33)\< 0.001(0.58, 0.75)\< 0.001**Median income**−0.15−0.4−0.72(−0.29, −0.0035)0.045(−0.52, −0.27)\< 0.001(−0.79, −0.64)\< 0.001**Public assistance0.0026**0.230.57**(−0.14, 0.15)0.97**(0.084, 0.36)\< 0.001(0.46, 0.66)\< 0.001**

4. Discussion {#sec0007}
=============

This study sought to characterize the spatial distribution of COVID-19 testing rates, positivity rates, and proportion of positive tests. We identified spatial clusters of high testing rates, high positivity rates, and high proportion of positive tests, as well as low test rate values. Furthermore, associations with contextual factors of vulnerability in space indicate inequities in testing and in disease burden.

In eastern Brooklyn, choropleth maps showed zip codes below the 50th percentile in terms of testing rates but above the 50th percentile in terms of positivity rates, suggesting that testing in this area was mainly performed in more severe cases. A similar pattern can be seen in Flushing, Queens.

The zip codes included in clusters of low testing rates, high testing rates, and high proportion of positive tests showed differing demographic distributions. The results show that areas with lower test rates and lower proportions of those tests being positive are likely the result of less severe illness and track with higher income, education, and white populations. Areas with higher test rates and higher proportions of positive tests point to more severe cases, which were disproportionately in areas of black population, uninsured, and have rent ≥50 percent of income. The third pattern of lower test rate areas coupled with higher positive test proportions may indicate severe illness, but inadequate testing, which appeared among areas with non-citizens and high use of public transportation. The strong inverse association of white race, education, and income with positive test proportion suggests either lower severity, excess testing, or both among this population. Equally strong positive associations with black race, Hispanic ethnicity, poverty, uninsured, and rent ≥50 percent of income may indicate a greater burden in this population. Both the cluster analysis and the correlation analysis indicate greater burden of COVID-19, particularly in terms of positive test proportion, among socially and economically disadvantaged groups, therefore exposing racial, ethnic, and income inequalities regarding the impact of the epidemic. Furthermore, given the context of well-documented undertesting of COVID-19, these associations are likely to be underestimates due to general lack of access to tests as well as high proportions of asymptomatic cases resulting in substantial underreporting ([@bib0003]; [@bib0030]).

These results fit into a larger narrative regarding social inequalities and health. Previous research in New York City has found increasing inequality between wealthy and poor neighborhoods in mortality from HIV/AIDS, diabetes, and liver disease between 1989 and 2001 ([@bib0021]). Wide disparities in infant mortality according to income have also been observed across New York zip codes. Lower income was associated with increased infant mortality even after controlling for other socioeconomic indicators ([@bib0035]). In addition to income, disparities in health outcomes by race are present in New York City. Grady and Ramírez found that black racial residential segregation was associated with increased risk of low birthweight infants ([@bib0018]) and Merkin et al. show increased risk of breast cancer diagnosis among black women in New York, which was particularly pronounced among individuals living in low income zip codes, highlighting the importance of intersectionality ([@bib0026]). More recent research showed no change in neighborhood-level disparities by race, ethnicity, and insurance status in avoidable hospital conditions despite an overall 50 percent decrease in avoidable hospital conditions in New York from 1999 to 2013 and city efforts to alleviate those disparities over the same period ([@bib0019]). This research shows that socioeconomic health inequalities in New York City are pervasive and persistent and lend support to the observed associations reported here showing inequalities in COVID-19 burden by race and socioeconomic status. A recent paper by Bavel et al. highlights how issues of social inequality become magnified when faced with epidemic disease and that the COVID-19 pandemic is no exception ([@bib0004]). The authors discuss the intersection of economic disadvantage with racial inequalities that increases vulnerability in the face of rapidly spreading infectious disease ([@bib0004]). Increases in transmission may be due to disproportionate presence in high public contact jobs coupled with racialized social networks and decreases in the response to public health messaging and the acquisition of appropriate medical care are the result of low levels of trust in institutions that exhibit contemporary and historical systems of discrimination and racism ([@bib0004]). Furthermore, African Americans have been found to have higher COVID-19 infection rates and mortality rates due to higher burden of co-morbidities, higher housing density, and lack of privilege to be able to social distance, which are all compounded by low socioeconomic status ([@bib0038]).

A major strength of this study is the fine spatial resolution. Analysis at the zip code level allows for a more precise understanding of which neighborhoods have a higher case burden than analyses at courser spatial scales. Furthermore, the rigorous statistical tests of clustering in the COVID-19 test outcomes offers pinpointed analysis for resource distribution by illuminating areas that have low test rates, but likely high case burden with high numbers of positive tests among those who received a test. Correlation results indicate important inequalities related to testing and case severity which may be useful in guiding policy efforts in other large United States cities in planning their responses to COVID-19 as the pandemic unfolds their cities.

This study has some limitations. First, this analysis only describes associations between COVID-19 testing patterns and contextual factors of the zip code. We make no claim for a causal relationship between any of the variables examined. Second, as in any spatial analysis, this study is subject to the modifiable areal unit problem ([@bib0015]). Zip codes, like any boundaries, are arbitrary units and different associations may have been found using different boundary definitions. However, zip codes do roughly correspond to neighborhoods and can still be used to guide resource allocation and policy planning. Third, given that zip codes are relatively small spatial units, American Community Survey demographic data may have a substantial error. Since this study did not take this error into account, further caution should be taken when evaluating the associations presented in the correlation results. Fourth, it has been noted that many wealthy residents of New York City have left the city and are residing in their second homes ([@bib0031]), therefore artificially inflating the population denominator in those areas and driving down the test rates in those areas.

As the number of cases and deaths due to COVID-19 increases exponentially, a swift, collaborative effort must be organized to protect those at greatest risk. Clusters of susceptible populations that are forced to go to work may be at greater need of testing resources. While high density cities such as New York are more vulnerable to rapid infectious disease spread, this study shows the COVID-19 epidemic is exposing structural inequalities in the city. We show that testing and health care resources should be directed to eastern Brooklyn centered on the Brownsville neighborhood, which simultaneously has low testing rates and high proportion of positive tests. Use of public transportation, including subways and buses, was also identified to be associated with low testing rates and high proportion of positive tests, suggesting measures such as targeted advertising in these areas may be effective at reaching underserved, high risk groups. This study adds to previous literature that has identified racial/ethnic minorities and those with lower socioeconomic status at increased risk across a range of health outcomes, including previous infectious disease epidemics such as HIV/AIDS ([@bib0016]; [@bib0020]; [@bib0028]; [@bib0029]; [@bib0033]; [@bib0034]). Therefore, in addition to the likely consequences of COVID-19 to communities, to individual lives, and to the economy, COVID-19 may result in an exacerbation of existing inequalities. Avoiding this is imperative; it is an issue of human rights.

Supporting information {#sec0008}
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S1 Figure. Spatial distribution of ZCTA population (A) proportion white, (B) proportion black, (C) proportion Asian, (D) proportion Hispanic, (E) proportion non-citizens, (F) proportion without health insurance, (G) proportion using public transportation for work, (H) proportion with a bachelor\'s or graduate degree, (I) median household income\*, (J) proportion of households receiving public assistance, (K) proportion of households with rent ≥50% of income, and (L) proportion of households in poverty. Quantile breaks correspond to the 25th, 50th, and 75th percentiles.

\*The color gradient is flipped for median household income to allow comparison with rent ≥50% of income, public assistance, and poverty.
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Supplementary Data S1Supplementary Raw Research Data. This is open data under the CC BY license <http://creativecommons.org/licenses/by/4.0/>Supplementary Data S1
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